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a b s t r a c t
Satellite-derived evapotranspiration anomalies andnormalized difference vegetation index (NDVI) prod-
ucts from Moderate Resolution Imaging Spectroradiometer (MODIS) data are currently used for African
agricultural drought monitoring and food security status assessment. In this study, a process to evaluate
satellite-derived evapotranspiration (ETa) products with a geospatial statistical exploratory technique
that uses NDVI, satellite-derived rainfall estimate (RFE), and crop yield data has been developed. The
main goal of this study was to evaluate the ETa using the NDVI and RFE, and identify a relationship
between the ETa and Ethiopia’s cereal crop (i.e., teff, sorghum, corn/maize, barley, and wheat) yields
during the main rainy season. Since crop production is one of the main factors affecting food security, the
evaluation of remote sensing-based seasonal ETa was done to identify the appropriateness of this tool
as a proxy for monitoring vegetation condition in drought vulnerable and food insecure areas to support
decision makers. The results of this study showed that the comparison between seasonal ETa and RFE
produced strong correlation (R2 > 0.99) for all 41 crop growing zones in Ethiopia. The results of the spatial
regression analyses of seasonal ETa andNDVI using Ordinary Least Squares andGeographicallyWeighted
Regression showed relativelyweak yearly spatial relationships (R2 < 0.7) for all cropping zones. However,
for each individual crop zones, the correlation between NDVI and ETa ranged between 0.3 and 0.84 for
about 44% of the cropping zones. Similarly, for each individual crop zones, the correlation (R2) between
the seasonal ETa anomaly and de-trended cereal crop yield was between 0.4 and 0.82 for 76% (31 out
of 41) of the crop growing zones. The preliminary results indicated that the ETa products have a good
predictive potential for these 31 identiﬁed zones in Ethiopia. Decision makers may potentially use ETa
products for monitoring cereal crop yields and early warning of food insecurity during drought years for
these identiﬁed zones.
© 2015 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction
Recent studies have shown the importance of remotely sensed
data in improving drought and vegetation monitoring for risk
management (Tadesse et al., 2014; Rojas et al., 2011; Mishra and
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Singh, 2011; Meze-Hausken, 2004). Given the repeat coverage and
spatially continuous measurements over a large area, satellite-
based remote sensing plays a vital role in monitoring drought on a
more local scale. In addition, advanced satellite technology prod-
uctswith high temporal resolution are cost effective andmay serve
to detect the onset of a drought and its duration and magnitude,
which is critical information for riskmanagementand foodsecurity.
Monitoring crop production to provide early warning of produc-
tion shortfalls during extreme climate events such as drought is a
key objective ofmany governments. Thus, satellite information and
http://dx.doi.org/10.1016/j.jag.2015.03.006
0303-2434/© 2015 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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products are expected to help in decisionmaking for countrieswith
a wide diversity of crops, ecosystems, and production systems.
Food production and water scarcity are long-standing issues in
Ethiopia, exacerbated by periodic drought and an ever-increasing
population (Tadesse et al., 2014; Meze-Hausken, 2004). Agricul-
ture continues to be a predominant sector of the economy and an
important sector that provides food to the fast-growingpopulation.
Generally, food insecurity typically results from a combination of
climate events and societal vulnerabilities. In rainfed agriculture,
availability of water is the most critical factor for sustaining crop
productivity and food security. Recent droughts have illustrated
the need for improved monitoring and enhanced decision sup-
port systems to deliver timely and reliable information products
to decision makers at many levels (Tadesse et al., 2008). Several
methods and approaches for drought monitoring and risk manage-
ment have been developed in the last few decades (Tadesse et al.,
2008;PanuandSharmat, 2002).However, there is still an increasing
demand to improve, test, and integrate existing satellite-derived
products using integrated remote sensing and ground observation
of climate data to address food production issues that arise from
water scarcity and drought (Vicente-Serrano et al., 2012; Rojas
et al., 2011; Mishra and Singh, 2011). In addition, the develop-
ment of new tools that provide timely, detailed spatial-resolution
drought information is essential for improving drought prepared-
ness and response (Brown et al., 2008). Recent state-of-the-art
drought monitoring tools, such as the vegetation drought response
index (VegDRI) (Brown et al., 2008), Vegetation Outlook (Veg-
Out) (Tadesse et al., 2010), andAtmosphere-Land Exchange Inverse
(ALEXI) (Anderson et al., 2007) were developed to address vegeta-
tion stress using satellite and remote sensing data. Among these,
drought and vegetation monitoring tools, only a few (e.g., ALEXI)
are focused on the use of evapotranspiration (ET) data as a proxy
for vegetation condition monitoring.
Bastiaanssen et al. (2005) and Senay et al. (2011) indicated that
ET’s dependence on land cover and soil moisture, and its direct
relationship with carbon dioxide assimilation in plants, makes it
an important variable to monitor and estimate crop yield and
biomass for decision makers interested in food security. ET is the
combinedprocess ofwater surface evaporation, soilmoisture evap-
oration, and plant transpiration. In the environmental system, ET
is an important and primary component of the hydrologic budget
because it expresses the exchange of mass and energy between the
soil–water–vegetation system and the atmosphere. ET comprises
two sub-processes: evaporation and transpiration. Evaporation
occurs on the surfaces of open water bodies, vegetation, and bare
ground. Transpiration involves the withdrawal and transport of
water from the soil/aquifer system through plant roots, stems, and
eventually an evaporation process from the interior of the plant
leaves into the atmosphere (Senay et al., 2007, 2011). Prevailing
weather conditions inﬂuence potential and reference ET through
forcing variables such as radiation, temperature, wind, and relative
humidity (Senay et al., 2011).
Since 2000, actual ET (ETa) data from the Moderate Resolution
Imaging Spectroradiometer (MODIS) have been produced by the
U.S. Geological Survey (USGS) Famine Early Warning Systems Net-
work (FEWSNET) using the operational simpliﬁed surface energy
balance (SSEBop) model (Senay et al., 2013). The SSEBop setup is
based on the simpliﬁed surface energy balance (SSEB) approach
(Senay et al., 2007, 2011) with unique parameterization for oper-
ational applications. The ETa may be used to show the current
vegetation condition as compared to the long historical records.
This comparison has the potential to help identify vegetation stress
in time and space (Senay et al., 2013). For example, the ETa anomaly
for a given period expresses the surplus or deﬁcit of ETa as com-
pared to the same period historically. FEWSNET (2014) noted that
knowledge of the rate and amount of ETa for a given location is an
essential component in thedesign, development, andmonitoringof
agricultural and environmental systems. Across the crop or range-
land areas, ETa anomalies are assumed to show (i) surplus or deﬁcit
in soil moisture during the non-growing season and (ii) surplus or
deﬁcit of crop water use in the growing season, which is directly
related to crop condition andbiomass. Thus, positive ETa anomalies
expected to indicate relatively higher biomass, and negative ETa
anomalies show less biomass as compared to the long historical
record (median value) for the same period. Based on this assump-
tion, ETa products are used for 8-day cumulative, monthly, and
seasonal ET anomalies for Africa to monitor agricultural drought
and food security status assessment (FEWSNET, 2014).
Despite the general consensus in using ETa anomalies for
drought monitoring and food security assessment, a compre-
hensive model evaluation has not yet been done. Moreover,
methodologies for evaluating drought and food securitymodels are
limited. Taking these gaps into account, this research has focused
on developing amodel evaluationmethod speciﬁcally applicable to
drought and food securitymodels using cropyield data. The speciﬁc
objectives are to (1) develop a process to evaluate satellite-derived
evapotranspiration anomalies using satellite-derived rainfall esti-
mate (RFE), normalized difference vegetation index (NDVI), and
cropyielddata, (2) evaluate thepotential useofETaproducts inesti-
mating the main cereal crops during the long rainy season (Kiremt)
using the correlation between seasonal ETa anomaly and crop yield
anomaly data, and (3) identify crop growing zones in Ethiopia that
could potentially use the ETa products for monitoring crop yields
to support risk management and food security.
2. Materials and methods
2.1. Study area selection for model evaluation
Ethiopia occupies a total area of 1,100,000km2 and is divided
into 72 administrative zones (Fig. 1). The areas of these zones
range from about 300km2 (Hareri zone) to 45,000km2 (Bale zone)
(GeoHive, 2014). The average area of all zones is about 15,000km2.
The global land covermap produced by the European Space Agency
(ESA) was used to identify the cropland zones in Ethiopia. The
ESA’s global land cover map (GlobCover LC v2) is based on Medium
Resolution Image Spectrometer (MERIS) sensor data with a spatial
resolution of 300 meters (ESA, 2008). The geographic distribution
of the cropland inEthiopia and the cropgrowing zones are shown in
Fig. 1. For this study, 41 crop growing zones that have about eleven
years of historical records of yield data (2000–2010) were selected
(Fig. 1).
2.2. The crop growing seasons and estimating crop yield in
Ethiopia
The two main rainy seasons in Ethiopia are locally known as
Kiremt (June–September) and Belg (February–May) (Diro et al.,
2008; Gissila et al., 2004). Kiremt is the main rainy season across
most parts of Ethiopia, except the extreme south and southeast part
of the country (Gissila et al., 2004). The onset and withdrawal as
well as the amount and distribution of precipitation during Kiremt
have a greater impact on crop production than Belg (Evangelista
et al., 2013). In addition, the Kiremt season yield accounts for
90–95% of the annual crop production of Ethiopia (Seifu, 2004;
FEWSNET, 2003). Thus, this study focused on a crop yield anomaly
for the Kiremt growing season.
Cereals are the major food crops in terms of area planted and
volume of production in the selected zones (CSA, 2014). Cereals
are also produced in greater volumes compared with other crops
because they are the principal staple crops in these zones. The CSA
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Fig. 1. Selected crop growing zones (yellow color on the map) of Ethiopia. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the
web version of this article.)
(2014) maintains crop yield data including cereals at the zonal
(district) administrative level (about 15,000km2) in Ethiopia. For
each zonal administrative area, the CSA uses standard statistical
data collection and analysis to generate the estimate of the crop
yield. In this process, to select a sample, a stratiﬁed two-stage clus-
ter sample design is used. According to CSA (2014), the primary
sampling units are enumeration areas and the secondary sampling
units are agricultural households. An enumeration area in the rural
parts of Ethiopia is a locality that consists, in most cases, of less
than 150–200 households. A household may be either one per-
son or multi-person. The enumeration areas from each stratum are
selected systematically (using probability) in proportion to the size
of agricultural households. The data collected using the standard
CSA procedures are then entered into a database. These crop yield
estimates at the zonal level are reported in the CSA yearly report
(CSA, 2014).
Thus, over the 41 selected crop zones (Fig. 1), the cereal yield
data were used for identifying possible relationships with ETa and
assessing its potential use. The historical crop yield data from 2000
to 2010 were obtained from CSA. However, two years of data (2002
and 2009) were missing in CSA crop yield historical data reports.
Thus, 2002 and 2009 were excluded in all correlation analysis in
this study.
2.3. Preparing crop yield data for model evaluation
Data from analysis of the temporal and spatial variation of crop
yield should be used to evaluate the model. According to FAO
(1999), the factors that affect the temporal variabilityof agricultural
yields can be generally grouped into three categories: (i) tech-
nology and management trends such as mechanization, varieties,
irrigation, and the farmers’ know-how, (ii) intermittent extreme
factors of various origins and policy changes that affect manage-
ment decisions (e.g., farmers’ decisions to use less fertilizer if the
policy is changed to no longer subsidize it), and (iii) pseudo-cyclic
patterns such as weather that vary through time. Fig. 2 illustrates
these factors.
In this study, the seasonal ETa anomaly evaluation is focused
mainly on the effect of weather on crop yield data. However, it is
oftendifﬁcult to separateweather fromother factors. One approach
is to remove the trend that is assumed to be caused by factors other
than weather (Wu et al., 2007). This practise is called detrending;
it involves removing trends from regularly sampled time-domain
input-outputdata (FAO,1999). Thisdataprocessingoperationhelps
to estimate more accurate linear models because linear models
cannot capture arbitrary differences between the input and out-
put signal levels. It is also assumed that removing a trend from the
data enables researchers to focus the analysis on the yearly vari-
ations in the crop yield data. Therefore, the crop yield data were
ﬁrst detrended before testing the correlation between ETa and crop
yield data.
To eliminate the upward linear trend in a time series of yields
due to several factors including advancements in agricultural tech-
nology and crop hybrids, the crop yield data were detrended by
regression analysis of the annual zonal yields against the year. Ten
years of historical crop yield data (2000–2010) fromCSAwere used
to detrend the zonal yield statistics. To detrend annual crop yield,
a linear trend equation (Eq. (1)) was used.
Y(t) = ˛ + ˇX(t) (1)
where Y(t) is the projected value of the crop yield for a speciﬁc year,
˛ is the y-intercept (the estimated value of the crop yield at time
t=0 or ﬁrst year record), ˇ is the slope of the trend line (or the
average change in crop yield per year), and X(t) is the year that the
yield is estimated.
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Fig. 2. Factors affecting agricultural yields: technology and management trends (heavy red line), innovation, policy, extreme factors, and weather (adapted from FAO, 1999).
(For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)
After identifying the trend (using Eq. (1)) and generating the
estimated values, detrending simply involves subtracting the esti-
mated trend value from the actual crop yield data value for each
given year. Matlab software was used to detrend the crop yield
(MathWorks, 2009).
2.4. ETa model description
The ETa estimation methods can be grouped into two broad
classes: (1)waterbalanceand (2)energybalance. Thewaterbalance
approach mainly considers the amount and temporal distribution
of rainfall in meeting the crop water demand (ideal ET) through
soil moisture modeling. The energy balance approach is driven by
land surface temperature (LST) and is a more direct observation
of the amount of water evapotranspired by the crop. The basic
principle is that healthy and well-watered vegetation (and, conse-
quently, freely transpiring vegetation) has a much cooler LST than
unhealthy and water-stressed vegetation (Senay et al., 2013). An
advantage of an energy balance model is that there is no need
for prior knowledge of the crop calendar (e.g., crop type, start-
of-season, and length of growing period), nor for assumptions on
optimum management of the crop, as is the case for a water bal-
ance model (Senay et al., 2013). The LST provides an integrated
parameter that takes into account the impact of water, disease,
pests, management practises, and other factors on crop condition
(as measured by ETa).
Most energy balance models, including the ETa estimation,
require solving the energy balance equation expressed as:
LE = Rn−G−H (2)
where LE= latent heat ﬂux (energy consumed by evapotranspira-
tion) (W/m2); Rn=net radiation at the surface (W/m2); G=ground
heat ﬂux (W/m2); H= sensible heat ﬂux (W/m2).
At the land surface, the latent heat ﬂux (comparable to ETa) is
calculated as the residual of the difference between the net radia-
tion to the surface and losses due to the sensible heat ﬂux (energy
used to heat the air) and ground heat ﬂux (energy stored in the
surface).
The ETa data used in this study were produced by the SSE-
Bop model (SSEBop: FEWSNET, 2014) that directly solves for ET
without explicitly estimating the other energy balance terms. The
SSEBop ETa algorithm is an operational parameterization of the
SSEB model (Senay et al., 2007), renamed as SSEBop (Senay et al.,
2013). This approachassumes, for agivendayand location, the tem-
perature discontinuity between a bare-dry surface and atmosphere
(dT) remains nearly constant from year-to-year under clear-sky
conditions required for satellite observations, and that most of the
surface energy balance is driven by the available clear-sky net radi-
ation (Rn). This simpliﬁcation permits the estimation of ET fraction
as:
ETf = Th − Ts
dT
(3)
where ETf is the ET fraction (0–1); dT is a pre-deﬁned (from clear-
sky radiation balance calculation) temperature difference between
the hot and cold reference boundary conditions that are unique for
each day and pixel, ranging generally between 5 and 25 degree K
depending on location and season. Th is the hot reference boundary
condition, representing the temperature of a dry-bare (hot) surface
(Th=Tc +dT); Tc is the cold boundary condition, representing the
cold/wet-vegetated surface, which is in equilibrium with the air
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temperature, i.e., all net radiation is used for latent heat ﬂux. Tc is
derived as fractionof themaximumair temperature (obtained from
griddedweatherﬁelds); Ts is the surface temperature, derived from
MODIS LST.
Actual ET is then estimated for a period of aggregation deﬁned
by the reference (“potential” ET, ETo),which is calculated fromsolv-
ing the Penman–Monteith equation (Allen et al., 2007; Senay et al.,
2008) using weather parameters derived from model-assimilated
global ﬁelds (Kanamitsu, 1989; Allen et al., 2007). Eight-day ETa
estimates are then aggregated to monthly and seasonal totals.
ETa = ETf × ETo (4)
The ETa anomaly for a season in percent then is calculated as:
ETa (%) = ETac
ETam
× 100 (5)
where ETa(%) is anomaly percentage value, ETac is current sea-
sonal ETa value and ETam is median value of ETa from 2000 to
2013 for the same season. This ETa anomaly for a given period is
expected to show the surplus or deﬁcit of ETa as compared to the
same period historically. During the non-vegetative stage (for crop
or rangeland areas), ETa anomalies are an expression of surplus or
deﬁcit in soil moisture. During the growing season, ETa anomalies
express surplus or deﬁcit crop water use, which is directly related
to crop condition and biomass. Thus, positive ETa anomalies indi-
cate greater-than-normal biomass (compared to the median value
for the same period), and negative ETa anomalies indicate less-
than-normal biomass (compared to the median value for the same
period).
This method has been used over a 14-year MODIS history over
the Conterminous United States (CONUS), Africa, and Southeast
Asia, and has been validated comprehensively by Velpuri et al.
(2013) against ﬂux tower observations, water balance ET and
MOD16 (Mu et al., 2007, 2011). More recently, Bastiaanssen et al.
(2014) applied the SSEBop ET successfully in the Nile Basin for
mapping water production and consumptions zones. However,
the accuracy of the ET derived from the SSEBop model may vary
from place to place depending on the accuracy of input parame-
ters including weather data. In addition to the limitations of the
model in complex terrain, the ET anomaly products may be useful
for drought monitoring because the temporal variability is mainly
driven by the LST and model errors are minimized (Senay et al.,
2013).
2.5. Zonal statistics extraction for ETa
The available long historical records of seasonal
(May–December) ETa data from 2000 to 2013 were used to
extract the values at the zonal administrative level using an
ArcGIS zonal statistics tool (ESRI, 2014). The crop layer based on
the land cover map (GlobCover LC v2) was used to extract the
zonal statistics. This was designed to analyze the cropping zones
distinctly (i.e., differentiating from other land cover). Using the
zonal map layer of Ethiopia, the seasonal ETa values within each
zone were calculated. For ETa model evaluation, the mean values
of seasonal ETa within each zone for all years were calculated
for further correlation analysis. Thus, a database was built that
includes all historical values of ETa (using zonal statistical mean)
for all selected zones for 2000–2013.
2.6. Satellite-derived seasonal rainfall estimate data for ETa
comparison
The RFE data are increasingly being used for many applica-
tions such as food security decisions in place of rainfall products
based on gauge observations, or to supplement ground rainfall
observations (Dinku et al., 2007; Joyce et al., 2004). Many satel-
lite estimates have reasonable accuracy and good temporal and
spatial resolutions (Dinku et al., 2014; Huffman et al., 2007). In
this study, the RFE seasonal data (RFE version 2.0) that have been
operational since 2001 by NOAA’s Climate Prediction Center (CPC)
(NOAA, 2014) were used. These CPC/Famine Early Warning System
(FEWS) operational rainfall estimates include daily gridded data
for Africa based on four sources: (i) Daily Global Telecommunica-
tion System rain gauge reports for up to 1000 stations, (ii) NOAA’s
Advanced Microwave Sounding Unit microwave satellite precipi-
tation estimates up to 4 times per day, (iii) NOAA’s Special Sensor
Microwave/Imager (SSM/I) satellite rainfall estimates up to 4 times
per day, and (iv)GeostationaryOperational Environmental Satellite
system (GEOS) Precipitation Index cloud-top infrared temperature
precipitation estimates on a half-hour basis. The three satellite esti-
mates are ﬁrst combined linearly using predetermined weighting
coefﬁcients, then are merged with station data to determine the
ﬁnal African rainfall. The gridded RFE for Africa has 8km resolu-
tion at a 10-day (decadal) time step. The ETa seasonal data were
compared with the RFE seasonal data to identify their correspon-
dence and relationships in Kiremt season. For this comparison, the
dekadal RFE data were extracted for Ethiopia from 2000 to 2013
and then aggregated to a season (May–October). Then, based on
this aggregated seasonal data, percent average precipitation was
calculated for each year (i.e., current year seasonal total precipita-
tion divided by seasonal precipitation mean of historical records,
and then multiplied by 100). These percent average seasonal pre-
cipitation estimateswere extracted for the selected cropping zones
of Ethiopia to be compared with the seasonal ETa anomaly.
2.7. MODIS-based normalized difference vegetation index
(NDVI) for ETa comparison
TheNDVI is ameasure of the density of chlorophyll contained in
vegetative cover and is deﬁned as (NIR - RED)/(NIR+RED), where
NIR is the near-infrared reﬂectance and RED is the visible-red
reﬂectance (Tucker et al., 1985). The NDVI is used to monitor
vegetation condition in many parts of the world, including Africa
(Tucker et al., 1985; Malingreau, 1986; Townshend et al., 1987;
Reed et al., 1996; Myneni et al., 1997; Jakubauskas et al., 2002;
DeBeurs and Henebry, 2004). In this study, the NDVI is calculated
based on MODIS 10-day (dekad) maximum-value composite NDVI
images at 250m spatial resolution. This vegetation product is cal-
culated from MODIS L1B Terra surface reﬂectance, corrected for
molecular scattering, ozone absorption, and aerosols using MODIS
Science Team algorithms (USGS, 2014). The NDVI data are tempo-
rally smoothed using a time series smoothing technique developed
by Swets et al. (1999). This technique uses a weighted least squares
linear regression approach to “correct” observations that are of
poor quality because of clouds or other atmospheric contamina-
tion. In this study, these smoothed 10-day (decadal) time series
NDVI data from May to December were aggregated to calculate the
seasonal percent average NDVI values for each year from 2001 to
2013. Then, the seasonal average NDVI data were extracted for the
selected cropping zones in Ethiopia to compare with the seasonal
ETa anomaly for identifying the relationships and assessing their
correspondence.
2.8. Spatial regression analysis of ETa, RFE, NDVI, and crop
yield data
Because ETa, RFE, and NDVI have spatial dimensions, the rela-
tionships between these variableswere determined using ordinary
least square (OLS) and geographically weighted regression (GWR).
The OLS is one of the best-known regression techniques to per-
form spatial regression analyses (Lloyd, 2007; Fotheringham et al.,
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Fig. 3. A process to evaluate satellite-derived evapotranspiration anomaly using RFE, NDVI, and crop yield data: extracting ETa, RFE, and NDVI spatio-temporal data for
cropping zones, detrending crop yield, building a database, conducting exploratory statistical analyses, and generating correlation maps.
1998). TheOLS has the effect of producing average or global param-
eter estimates, which are assumed to apply equally over the whole
region under analysis (Fotheringham et al., 2002). In other words,
the relationships beingmeasured are assumed tobe stationary over
space. Thus, the OLS (Eq. (6)) was used to identify a global linear
relationship between ETa, RFE, NDVI, and crop yield.
yOLS = a0 +
∑
k
akxik + ∈i (6)
where yOLS is the dependent variable (e.g., global estimated aver-
age yield), ao is the intercept, xik is the explanatory variables (e.g.,
average ETa value for given zone), ak is the coefﬁcient for the
explanatory variable, and ∈i is the error. All observed data are
assumed to be independent and normally distributed.
Extending the OLS to spatial context (“non-stationarity”), GWR
was computed using Eq. (7). The GWR is one of several spatial
regression techniques that provide a local model for estimating
average yield (Wheeler and Tiefelsdorf, 2005; Schabenberger and
Gotway, 2005; Fotheringham et al., 2002).
yGWR = a0i +
∑
k
aikxik + ∈i (7)
where yGWR is the dependent variable (e.g., estimated average
yield), a0i is the intercept at coordinates of the ith point in space,
aikxik is the local regression coefﬁcient for the kth explanatory vari-
able (e.g., average ETa value for a given zone) at location of the ith
point in space, and ∈i is the error at location i, which may follow
an independent normal distribution with zero mean and homo-
geneous variance (Wheeler and Tiefelsdorf, 2005). GWR builds a
local regression equation for each feature in the dataset. In con-
trast to the global model (OLS), the regression coefﬁcients in GWR
are allowed to vary from location to location. Thus, GWR helps
provide a continuous surface of parameter values taken at certain
points to denote the spatial variability of the surface. Thus, GWR
is assumed to provide powerful and reliable statistics for estimat-
ing linear relationships between ETa, NDVI, and crop yield for each
year.
2.9. Developing an ETa evaluation process
Fig. 3 shows a process developed to evaluate satellite-derived
evapotranspiration anomaly using RFE, NDVI, and crop yield data.
The process includes (i) extracting ETa, RFE, and NDVI spatio-
temporal historical data (2000-2013) for all selected crop zones in
Ethiopia using GIS tools (e.g., in this study, zonal statistical means
for each zone and for all years were extracted using ArcGIS soft-
ware’s geostatistical analysis tools), (ii) generating statistical tables
(building a database) that include seasonalmean values of ETa, per-
cent average of RFE, and seasonal mean of NDVI for all zones and
years, (iii) downloading crop yield data from CSA, (iv) checking a
trend in historical crop yield data and detrending, (v) generating
a table (building a database) that includes detrended spatial and
temporal crop yield data for each zone of Ethiopia, (vi) applying
exploratory geospatial statistical analyses on ETa, RFE, NDVI, and
crop yield data, and (vii) generating correlationmaps and analyzing
the results.
3. Results and discussions
3.1. Comparison of seasonal ETa and RFE
The percent average seasonal precipitation estimates (RFE) for
the selected cropping zones of Ethiopia in Kiremt season were
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comparedwith the seasonal ETa anomaly for each zone in Ethiopia.
The results indicate very strong agreement (R2 >0.99) between
the ETa anomaly and seasonal RFE anomaly for all crop growing
zones in Ethiopia. This ﬁnding is interesting because the sensors
and methods used to estimate the precipitation (RFE) and ETa are
signiﬁcantly different, as described in Sections 2.4 and 2.6 above.
Geospatial statistical analysis has been conducted to identify the
temporal and spatial relationships of ETa and RFE. Table 1 summa-
rizes the spatial correlation of the ETa and RFE in each year. In this
analysis, both ETa and RFE products were extracted for only crop
areas in each zone for each year. Then, the yearly spatial correla-
tions of all selected zones between the seasonal ETa and seasonal
percent average of RFE were analyzed.
The OLS spatio-temporal analysis of the relationship and com-
parison between seasonal ETa and RFE from 2000 to 2013 is also
summarized in Table 1. Based on ETa and RFE historical time-series
data, the OLS (global model) analysis showed strong correlation
(R2), ranging from 0.9983 to 0.9999. This strong correlation indi-
cates that more than 99% of the variability of seasonal ETa can be
explained using the seasonal average of RFE. In Table 1, the “Coefﬁ-
cient” represents the strength and typeof relationship betweenRFE
and ETa. The AICc in the RFE as an independent variable was sta-
tistically signiﬁcant at p-value less than 0.01 for all 14 years. Thus,
based on the 14 years of historical records, the results showed that
there is statistically signiﬁcant correlation between seasonal ETa
and seasonal percent average of RFE in all 14 years.
Fig. 4 shows the spatial distribution of the historical time series
(temporal) correlations between seasonal ETa and RFE. In this
analysis, the historical records of seasonal ETa and RFE data are
correlated for each cropping zone separately and then put together
for all zones to produce the correlation map. This map shows the
spatial distribution and patterns of the historical time series corre-
lation. As indicated in Fig. 4, except for few zones (i.e., Dire Dawa,
Harari, and Gedio), the R2 between ETa and RFE is greater than
0.9977 for most cropping zones of Ethiopia. Fig. 4 also shows that,
there is a relatively stronger correlation between the seasonal ETa
and RFE over the northern regions as compared to the southern and
southwestern zones of Ethiopia.
3.2. Comparison of the seasonal ETa and seasonal average of the
NDVI
To identify the spatio-temporal relationships and assess their
correspondence, a comparison of seasonal average NDVI data with
the seasonal ETa anomaly was done in this study. Table 2 sum-
marizes the OLS and GWR analysis between seasonal ETa and
percent average of seasonal NDVI for all zones included in the
study. In this geospatial analysis, the time series historical ETa and
NDVI data were extracted for each year across all the cropping
zones, and spatial correlations (for each year) between the sea-
sonal ETa and seasonal percent average of NDVI were calculated.
The results indicate that for the intercepts of these models, 2001,
2006, 2007, 2010–2013 were found to be statistically signiﬁcant
at p-value <0.01. The OLS R2 values ranged from 0.02 in 2011 to
0.7 in 2008 (Table 2). Because OLS develops a global model (one
equation applicable for all zones), the GWR that considers local
variability within a general model was applied. Subsequently, the
R2 values have generally improved using GWR. Thus, the R2 using
GWR ranged from about 0.4 in 2009 to 0.7 in 2013 (Table 2), show-
ing improvements in all years except 2008.
In addition to the spatio-temporal (yearly) correlation, a corre-
lation analysis was done for each individual cropping zone based
on its historical time series records. The results of this analysis are
shown in Table 3.
Table 3 shows that relatively higher correlations (R2 >0.4) were
observed between ETa anomaly and NDVI for eleven zones, includ-
ingKonso,WestHarerge, Burji, Eastern Tigray, Arsi, andBenchMaji.
Generally, the correlation between seasonal ETa and NDVI was not
Table 1
Summary of OLS results – model variable and spatial correlation (R2) for ETa and RFE.
Summary of OLS results – model variable and spatio-temporal correlation for seasonal ETa and RFE
Year Variable Coefﬁcient StdError t Statistics Probability AICca R2
2000 Intercept 0.8615 0.1843 4.6739 0.000035* −63.90 0.9999
Percent avg RFE 0.9917 0.0019 534.8666 0.000000*
2001 Intercept 0.0849 0.3846 0.2208 0.826407 −69.06 0.9994
Percent avg RFE 0.9994 0.0038 264.0694 0.000000*
2002 Intercept −0.2605 0.3357 −0.7761 0.442346 −16.17 0.9994
Percent avg RFE 1.0025 0.0038 261.0758 0.000000*
2003 Intercept 0.3222 0.3328 0.9680 0.338987 −69.52 0.9995
Percent avg RFE 0.9967 0.0034 293.1553 0.000000*
2004 Intercept 0.3592 0.5000 0.7184 0.476765 −18.29 0.9988
Percent avg RFE 0.9961 0.0055 182.4551 0.000000*
2005 Intercept 0.4048 0.2631 1.5387 0.131943 −90.83 0.9998
Percent avg RFE 0.9959 0.0025 396.3453 0.000000*
2006 Intercept 1.3366 0.6899 1.9374 0.059958 −67.88 0.9983
Percent avg RFE 0.9871 0.0066 149.9917 0.000000*
2007 Intercept 0.8000 0.3376 2.3696 0.022855 −45.42 0.9996
Percent avg RFE 0.9922 0.0032 314.2714 0.000000*
2008 Intercept −0.0092 0.2256 −0.0407 0.96777 −93.20 0.9998
Percent avg RFE 1.0002 0.0022 456.7065 0.000000*
2009 Intercept −0.0077 0.2866 −0.0269 0.978646 −62.82 0.9996
Percent avg RFE 1.0000 0.0033 302.7206 0.000000*
2010 Intercept −1.2744 0.7743 −1.6458 0.10784 −18.32 0.9980
Percent avg RFE 1.0122 0.0073 138.0861 0.000000*
2011 Intercept −0.7032 0.6070 −1.1585 0.253719 −46.10 0.9986
Percent avg RFE 1.0071 0.0060 167.739 0.000000*
2012 Intercept 0.3891 0.5370 0.7245 0.473074 −8.77 0.9989
Percent avg RFE 0.9961 0.0053 187.4132 0.000000*
2013 Intercept −0.5713 0.5693 −1.0035 0.321827 +1.00 0.9988
Percent avg RFE 1.0056 0.0054 185.1616 0.000000*
* An asterisk next to a number indicates a statistically signiﬁcant p-value (p<0.01). Number of observations (zones) =41.
a The AICc (akaike’s information criterion second order correction for small sample sizes) is a relative measure of performance used to compare models; the smaller AICc

















Summary of OLS and GWR results between seasonal ETa and seasonal NDVI.
Summary of OLS and GWR results – model variables and spatio-temporal correlation for ETa and NDVI
Year Variable Coefﬁcient StdError t Statistics Probability AICc OLS R2 GWR R2
2001 Intercept 58.1105 15.3745 3.77967 0.00057* 225.7 0.260 0.580
Seasonal NDVI 0.41987 0.1477 2.84261 0.007328*
2002 Intercept 1.22295 24.82293 0.04927 0.96098 281.5 0.188 0.632
Seasonal NDVI 0.85977 0.24869 3.45718 0.001418*
2003 Intercept 15.94791 14.24514 1.11953 0.270327 238.0 0.357 0.603
Seasonal NDVI 0.81258 0.14218 5.71524 0.000002*
2004 Intercept 10.22318 10.22838 0.99949 0.324228 238.6 0.385 0.570
Seasonal NDVI 0.81313 0.10129 8.02788 0.000000*
2005 Intercept 10.34573 20.02664 −0.5166 0.608595 233.5 0.324 0.501
Seasonal NDVI 0.47635 0.19593 5.72259 0.000002*
2006 Intercept 58.88729 15.78812 3.72985 0.000657* 182.8 0.218 0.475
Seasonal NDVI 0.44999 0.15425 2.91728 0.006049*
2007 Intercept 28.68657 12.44457 2.30515 0.027034* 266.6 0.204 0.498
Seasonal NDVI 0.7468 0.12036 6.20468 0.000000*
2008 Intercept 9.18889 7.63577 1.2034 0.236675 208.5 0.707 0.597
Seasonal NDVI 0.94898 0.07704 12.31844 0.000000*
2009 Intercept 19.58183 10.67885 1.8337 0.074976 245.9 0.207 0.431
Seasonal NDVI 0.71844 0.1132 6.34652 0.000000*
2010 Intercept 48.4683 12.03251 4.02811 0.000277* 121.2 0.297 0.450
Seasonal NDVI 0.56502 0.11978 4.71724 0.000035*
2011 Intercept 82.97451 21.85443 3.79669 0.000543* 222.9 0.022 0.632
Seasonal NDVI 0.18119 0.2207 0.82097 0.417065
2012 Intercept 24.98832 11.5631 2.16104 0.037423* 250.8 0.377 0.533
Seasonal NDVI 0.76843 0.11838 6.49139 0.000000*
2013 Intercept 42.04244 19.17159 2.19296 0.034856* 239.2 0.193 0.688
Seasonal NDVI 0.64434 0.19701 3.27057 0.002369*

















Summary of the historical time series correlation between ETa and NDVI for each individual crop zone in Ethiopia.
Correlation (R2) between ETa and NDVI for individual crop zone
R2 > 0.4 0.2 <R2 < 0.4 R2 < 0.2















Konso 0.84 2274 2046 Gedio 0.39 1352 1217 North Shewa(R4) 0.18 11,531 1153
West Harerge 0.67 16,523 6348 Asosa 0.38 14,166 6972 Central Tigray 0.15 22,134 19,885
Burji 0.63 1128 1016 Amaro 0.37 1422 1280 South Gonder 0.13 14,095 7625
Eastern Tigray 0.52 13,269 6782 Oromia 0.36 3470 2207 Dire Dawa 0.12 1559 156
Arsi 0.51 19,825 5550 Southern Tigray 0.35 18,670 8388 North Wollo 0.11 12,173 5306
Bench Maji 0.50 19,252 12,451 Bale 0.32 43,691 12,675 West Wellega 0.06 12,745 8502
Metekel 0.47 25,688 12,195 North Gonder 0.30 45,945 19,111 Yem 0.04 648 583
Western Tigray 0.44 12,323 6662 Wag Himra 0.24 9039 3367 Hareri 0.04 334 301
East Harerge 0.43 18,240 6230 North Shewa(R3) 0.23 15,936 15,299 South Wollo 0.04 17,067 12,967
West Gojam 0.40 13,312 12,110 East Gojam 0.22 14,004 11,798 Jimma 0.03 18,076 16,268
Awi/Agew 0.40 9148 6285 East Wellega 0.22 13,830 13,465 Gurage 0.01 5893 1879
West Shewa 0.21 14,789 3374 Hadiya 0.00 3593 3234
Ilubabor 0.00 16,517 15,734
KAT 0.00 1356 1220
Sidama 0.00 6538 5884
a The total area of the corresponding zone (in square km) is based on the GeoHive (2014) data. The crop area is calculated using the global land cover map (GlobCover LC v2). Number of observations (years) = 12.
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Fig. 4. Spatial distribution of the historical time series correlations between ETa and RFE for all crop zones in Ethiopia.
strong in some parts of the cropping zones of Ethiopia. Eighteen
out of thirty-eight zones (47%) had R2 greater than 0.3. Only eigh-
teen (29%) of the selected cropping zones had relatively higher
correlation (i.e., R2 >0.4). Note that three zones in the southern rift
valley (Derashie, East Shewa, and South Omo) were removed from
this analysis because of poor data quality (unrealistically high or
low percent average, >±500%) in the original NDVI values. Poor
data quality could be the result of cloud contamination or other
sources of errors such as high variability of the NDVI response of
the less vegetated surface across the southern rift valley and the
southern low lands. Thus, only 38 (out of 41) zones were used.
However, except for data analysis that involves NDVI, those three
zones (i.e., Derashie, East Shewa, and South Omo) were used in all
other analyses. Fig. 5 shows the spatial distribution of the correla-
tions between the ETa and NDVI. Generally, the eastern highlands
of Ethiopia and the western zones had relatively strong correlation
(i.e., greater than R2 >0.4). The southwestern, central, and north-
ern highlands show very low correlation. By contrast, the ETa show
higher correlation with RFE in these zones, where NDVI is show-
ing low correlation with ETa. Since the NDVI data are also showing
very low correlation with the RFE in these zones, it is possible that
the NDVI could have poor performance in these areas due to high
cloud coverage during Kiremt season, which may affect the NDVI
values. Several factors could result inweak correlations, such as the
methods used in the models to estimate the vegetation condition
and the different climate parameters that are observed in differ-
ent wavelengths of the sensors. These factors may have different
inﬂuences from place to place, affecting the outcome of the rela-
tionships. Further investigation is needed to identify the possible
causes and generalize the relationships.
3.3. Spatial and temporal correlations of ETa and cereal yield data
Cereals are the core of Ethiopia’s agriculture and food economy,
accounting for about three-quarters of total area cultivated and29%
of agricultural gross domestic product (GDP) in 2005/06 (Taffesse
et al., 2011). In this study, cereals comprise mainly the ﬁve major
crops: teff (a tiny grain known as lovegrass, with a scientiﬁc name
EragrostisE. Tef, is an important foodgrain inEthiopia), corn, barely,
sorghum, and wheat.
The analyses of the cereals yield data in Ethiopia showed a grad-
ual increase in annual production, implying an upward trend in
time. This upward increase in yield could be due to improved farm
management, such as use of fertilizer, pesticide applications, and
improved farming systems through agricultural extension. Thus, in
order to identify a meaningful relationship between the crop yield
and the ETa, this trend was removed (detrended). Fig. 6 shows an
example of detrending for Eastern Tigray zone. In this ﬁgure, the
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Fig. 5. Spatial distribution of the historical time series correlations between ETa and NDVI for all crop zones in Ethiopia.
linear equation of the trend, the trend line, and detrended values
are shown for Eastern Tigray zone. A similar technique was applied
to detrend the crop yield for all cropping zones.
Generally, the cereal yield data vary both temporally and spa-
tially. After generating the detrended cereal yield values for all
cropping zones, the spatial and temporal relationships between the
ETa anddetrended cropyieldwere exploredusing global regression
(OLS). Table 4 summarizes theOLS analyses thatwere tested tohelp
in predicting crop yield using ETa.
The results showed that OLS models have weak relationships
(R2 < 0.2) on a year-to-year basis where all cropping zones are
taken together (Table 4). This ﬁnding indicates that a one-size-ﬁts-
all model (using a global model) should not be applied to all zones
collectively. Becauseof theweakspatial correlationofOLSandGWR
that use all zones collectively, each zone was evaluated separately
using historical time series records to identify the relationship of
seasonal ETa. Table 5 summarizes the correlation (R2) between ETa
and cereal yield for each crop zone in Ethiopia. Interestingly, the
results showed some zones have a stronger relationship with ETa
separately than the general spatial models that include all crop
zones together.
As shown in Table 5, correlating ETa and detrended cereals
for each zone for all years (historical time series) produced rela-
tively higher R2 values. The results of this analysis indicate that
26 out of 41 crop zones in Ethiopia had greater than 0.5 R2 val-
ues. This is about 63% (179,363km2) of the area that is classiﬁed
as crop land in Ethiopia, based on the global land cover map
(GlobCover LC v2). Furthermore, the R2 values were between 0.5
and 0.6, between 0.6 and 0.7, and more than 0.7 for about 23%
(66,416km2), 19% (56,326km2), and 19% (56,620km2) of the crop-
ping areas in Ethiopia, respectively. Only about 13% of the crop
zones (37,546km2) had less than 0.3 R2 values.
ThehighestR2 (0.82)wasobserved for EasternTigray zone in the
northern region of Ethiopia. The lowest R2 was 0.01 for South Omo
zone in the Southern Nations, Nationalities, and Peoples’ region
(SNNP) of Ethiopia. Generally, the northern and central regions
of Ethiopia showed better correlation (high R2 values) than the
southern lowlands. One of the possible explanations for this differ-
ence in R2 could be the contrasting elevation differences between
the mountainous regions and lowlands. The assumption here was
that the ETa model may be inﬂuenced by heterogeneity of the
zones in elevation (Senay et al., 2011). Based on this assump-
tion, the inﬂuences of elevation on the correlation coefﬁcient of
the relationships between ETa and crop yield data were analyzed.
The result of this analysis showed that the elevation data (using
Digital Elevation Model) can explain only about 7% of the vari-
ability in the R2 between ETa and crop yield data. Thus, further
investigation is needed to better explain the higher and lower R2
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Fig. 6. An example of detrending technique using Eastern Tigray zone historical data. The average or normal value is zero for the detrended crop yields. The positive values
(above the trend line) show more productive years and the negative values show lower production as compared to the expected mean. This detrending was done for all
cropping zones in Ethiopia.
values across the northern mountains and the southern lowlands,
respectively.
Fig. 7 shows the spatial distribution of the R2 values for the
detrended cereal crop yield. Generally, the spatial distribution
showed that medium to high correlations between ETa and cereal
yield were found across the zones that grow cereal during Kiremt
season in Ethiopia. The lowest correlated areas were across the
south and southwest, and the southern parts of the eastern
highlands, including East Hararghe, Bale, Konso, South Omo and
Bench Maji. This pattern resembles the seasonal northward shift of
Table 4
Summary of OLS results – model variable and spatial correlation for ETa and detrended cereals yield for each year.
Summary of OLS – model variable and spatio-temporal correlation for seasonal ETa and detrended cereals
Year Variable Coefﬁcient StdError t Statistics Probability AICc OLS R2
2000 Intercept 5.9884 2.8243 2.1203 0.0409 128.05 0.1056
Seasonal ETa −0.0580 0.0281 −2.0617 0.0465
2001 Intercept 5.5195 4.9422 1.1168 0.2715 120.11 0.0191
Seasonal ETa −0.0407 0.0485 −0.8391 0.4069
2003 Intercept −2.2209 4.6389 −0.4787 0.6350 125.93 0.0031
Seasonal ETa 0.0159 0.0476 0.3347 0.7398
2004 Intercept −12.9523 8.7418 −1.4817 0.1471 176.22 0.0492
Seasonal ETa 0.1293 0.0947 1.3663 0.1803
2005 Intercept 0.8320 5.6778 0.1465 0.8843 143.88 0.0019
Seasonal ETa −0.0141 0.0544 −0.2593 0.7969
2006 Intercept −4.7296 12.1915 −0.3879 0.7003 151.98 0.0036
Seasonal ETa 0.0419 0.1162 0.3612 0.7201
2007 Intercept −8.9355 7.2101 −1.2393 0.2233 170.46 0.0445
Seasonal ETa 0.0882 0.0681 1.2959 0.2033
2008 Intercept −4.4854 4.8643 −0.9221 0.3626 143.08 0.0252
Seasonal ETa 0.0455 0.0471 0.9663 0.3404
2010 Intercept −2.6279 5.6050 −0.4689 0.6420 126.87 0.0101
Seasonal ETa 0.0323 0.0533 0.6073 0.5474
Number of observations (zones) =38. The crop yield data for 2002 and 2009 are missing (i.e., excluded from this analysis).
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Fig. 7. Spatial distribution of the historical time series correlations between ETa and de-trended cereal yield for all crop zones in Ethiopia.
the Kiremt rain belt (i.e., the northward shift of the Inter-Tropical
Convergence Zone, ITCZ). The relatively less rainy condition in the
southern part of Ethiopia during Kiremt season and its impact on
vegetation condition may have an inﬂuence on the relationship
between the ETa and crop yield.
4. Future research
The seasonal ETa model and products showed relatively good
correlation to predict the potential yield in themain cereal growing
zones. However, several factors and possible errors could inﬂuence
the results of this study.Oneof themain factors is thedataquality of
ETa, RFE, and crop yields that include poor (realistically inaccurate)
and missing data, and biases/errors in the methods of estimating
the variables. The ETamodel has an inherent inaccuracy in estimat-
ing the actual evapotranspiration. For example, signiﬁcant error
may result because of a bias in the use of a constant pre-deﬁned dif-
ferential temperature between the hot/dry and cold/wet boundary
conditions for each pixel (Senay et al., 2013). The spatial averag-
ing of the NDVI and RFE over a large area (e.g., zonal or regional
level) could also introduce signiﬁcant errors. Obviously, the remote
sensing products (ETa, NDVI, and RFE) need to be thoroughly eval-
uated using ground observations. The only “ground observation”
that was used in this study was the CSA estimate of crop yield data.
Even though an attempt has been made to estimate crop yield with
better accuracy in Ethiopia, the analyses in this study showed that
cereal yield estimates for a few zones were signiﬁcantly different
from the neighboring zones. On the other hand, it is recognized that
farming practices, such as land preparation, timing of seeding, and
crop and water management, have a substantial effect on yields of
cereal and other crops (Pretty and Hine, 2001; World Bank, 2007).
This is particularly important in Ethiopia, where farming practices
vary greatly across ethnic and agroecological zones (Tilahun et al.,
2011). Future studies may incorporate these factors to reﬁne the
relationshipandapplicability of ETaproducts in estimating the crop
yields.
Furthermore, unavailability of crop yield data for some zones
in the southern and southwestern regions limited the analyses of
the study and could introduce errors in the results. In addition, the
crop yield data were for eleven years only, and two years (out of
eleven) are missing for all crop zones in the country. Speciﬁcally,
themissing years could have a signiﬁcant impact on detrending the
cropyield.With long recordsofhistorical cropyielddata, the results
of this study are expected to improve signiﬁcantly. Moreover, since
the zonal administrative level has a coarse spatial resolution (about
15,000km2), the aggregated crop yields and ETa data for each zone
may not show the local (e.g., district) variability of crop yield and
ETa data. Optimally higher spatial resolution of crop yield data






































































































































































































































































































































































































































































































































































































































































































































































































































































































. (suchasadistrict locallyknownas “Woreda” level,which is the low-
est administrative boundary and highest spatial resolution) could
better represent the crop area and may reduce such errors. Thus,
using district administrative level crop estimates (even though the
data are not yet available to the general public) may improve the
spatial resolution to study local variability of the crop yield and its
correlation with ETa.
4. Summary and conclusions
Satellite-derived vegetation and drought monitoring tools
including ETa anomaly, NDVI, and merged (satellite and ground
observation) RFE products are currently used by USGS FEWS NET
for agricultural droughtmonitoring and food security status assess-
ment in Africa. These products are expected to capture theweather
variability and its impact on crop yield. In this study, a process to
evaluate and assess the potential use of satellite-derived evapo-
transpiration anomaly using crop yield data was developed. This
process includes exploring the variables (e.g., ETa and crop yield)
using geospatial exploratory and statistical techniques.
CSA yield estimates for Ethiopia’s main cereal crops (i.e., teff,
sorghum, corn/maize, barley, and wheat) during the long rainy
season were used in identifying relationships (correlation) with
ETa and evaluating the potential use of the ETa products. Because
the crop yield historical time series (2000–2010) data showed an
increasing trend regardless of the extreme weather events (pos-
sibly due to human intervention), the trend was removed before
doing any geospatial statistical analysis between ETa and crop
yields.After removing the trend,OLS regressionanalysis techniques
were used to identify the relationships.
The seasonal ETa products were also compared with seasonal
percent average NDVI and RFE to identify the spatio-temporal rela-
tionships and assess their correspondence for all crop zones in
Ethiopia. Interestingly, it was found that there is a strong spatio-
temporal correlation (i.e., R2 greater than 0.9) between ETa and
RFE. This ﬁnding may indicate the dominance of a strong rainfed
hydrologic process in most parts of Ethiopia. Comparatively, the
correlation between the seasonal ETa and NDVI was not as strong
as expected. The spatial correlation (R2) between ETa and NDVI
for each year ranged from 0.02 to 0.7 and 0.4 to 0.7 using OLS
(global model) and GWR (local model), respectively. However, the
historical time series (temporal) correlation analyses (between ETa
and NDVI) for each individual zones showed 47% of crop zones in
Ethiopia had R2 greater than 0.3.
The results of the spatial regression analyses of ETa and
detrended crop yields using OLS also did not show strong yearly
temporal relationships for all cropping zones collectively. The R2
between ETa and detrended crop yield ranged from 0.01 to 0.20
using OLS. Thus, predicting spatial variability with the global mod-
els may not be warranted. On the other hand, using historical
time series records for each individual zone, it was found that
some zones have a stronger relationship with ETa separately. The
resultsof this individual zonecorrelationanalysis (betweenETaand
detrended cereals yield) showed 26 out of 41 crop zones in Ethiopia
had R2 values greater than 0.5, covering 63% (179,363 km2) of crop
land in Ethiopia. Thus, the study indicates a potential use of the
ETa products as complementary tools to estimate the cereal yield
for some individual crop zones, including northern, northwestern,
central, and eastern Ethiopia. These zones are the main crop grow-
ing areas in Ethiopia. However, caution should be takenwhile using
the ETa products in estimating crop yields for all zones, especially
for southwestern and southern Ethiopia.
Because of the limitation of several vegetationmonitoring tools,
the use of ETa, NDVI, and RFE for assessing crop production and/or
food security seems to be growing. Thus, improved ETa and other
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remote sensing products such as NDVI and RFE could help in early
assessment of food shortages across crop growing zones of Ethiopia
during drought years. Generally, this study showed that ETa maps
could be used as a complementary tool to monitor vegetation
conditions including crops. Such information is expected to sup-
port the early warning system and help in improving agricultural
drought monitoring and food security. However, despite substan-
tial advances in improving satellite-basedmodels, extreme caution
should be taken in using such satellite-derived products for deci-
sion making.
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